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DEVELOPMENT OF DYNAMIC PROBABILISTIC SAFETY ASSESSMENT:
THE ACCIDENT DYNAMIC SIMULATOR (ADS) TOOL

Y.H. Chang1, A. Mosleh1, V.N. Dang
1University of Maryland

The development of a dynamic methodology for Probabilistic Safety Assessment (PSA) addresses the
complex interactions between the behaviour of technical systems and personnel response in the evolution
of accident scenarios. This paper introduces the discrete dynamic event tree, a framework for dynamic
PSA, and its implementation in the Accident Dynamic Simulator (ADS) tool. Dynamic event tree tools
generate and quantify accident scenarios through coupled simulation models of the plant physical
processes, its automatic systems, the equipment reliability, and the human response. The current
research on the framework, the ADS tool, and on Human Reliability Analysis issues within dynamic PSA,
is discussed.

1 INTRODUCTION
In a traditional probabilistic safety assessment (PSA),
fault trees and event trees are used to create a quasi-
static model of accident scenarios. This model
essentially consists of a series of snapshots of the
scenario evolution. At these snapshots, the hardware
systems and operators may perform successfully or
fail, resulting in a tree of scenarios (the event tree) in
which the snapshots correspond to the branching
points of the tree.
The development of simulation-based or dynamic
PSA methodology is motivated by the need to address
the limitations of this quasi-static, binary model. These
include difficulties
- with the handling of some forms of dynamics related

to the physical and automatic processes, and
- with the addition of the diverse scenarios introduced

by errors of commission (EOCs).
In traditional PSA, many success criteria are defined
in terms of how long a system must perform
successfully. An example is that a particular system
must perform at 50% of its capacity for at least 30
minutes. In all cases in which the criterion is not
fulfilled, the function is considered failed. For the
purpose of defining the sequence, it is often
conservatively assumed that the system has not
performed at all. This assumption, while in general
conservative, affects both the sequence model and
the human performance model. It affects the
sequence model in that partial functioning of the
system may reduce the demands on other systems. It
affects the human performance model, in that this
partial functioning may extend the time available for
response, or may make the diagnosis cues less
evident. By neglecting these effects, the assumption
makes the PSA manageable and practical.
In general, PSA defines the failure of human
interventions in the scenario as the failure to carry out
required actions. In contrast to the omission of
required actions, EOCs refer to the performance of
inappropriate actions that aggravate a scenario.
These actions have not been comprehensively

included in the PSA due to the lack of an appropriate
methodology. More recently, research in Human
Reliability Analysis (HRA) has focused on the
development of methods for systematically identifying
potential EOC situations. Within the HRA project at
PSI, the Commission Errors Search and Assessment
(CESA) method was developed, and a pilot
application has been performed [1]. The dynamics of
the plant processes and their interactions with human
response, were shown to be a contributing factor in a
number of the potential EOC scenarios identified in
the pilot.
Comprehensive modelling of EOC scenarios within an
event-tree/fault-tree PSA model leads to two practical
problems. First, some of the success/fail branches
need to be converted to non-binary branches to
represent alternative courses of action.  An equivalent
binary representation could also be used, although it
would be cumbersome. Second, information about the
causes of an EOC must be retained, because these
can affect the probabilities of the subsequent human
actions. This consideration reflects the trend in the
emerging HRA methods to consider decision
performance in more detail, and be based on a
broader set of contextual factors. In summary, an
extension of PSA to include EOCs leads to many
additional scenarios, as well as to the need to “carry”
more information concerning the history of each of the
scenarios individually [2].
A range of modelling frameworks are available to
address these difficulties. These include the Markov
chain (continuous event tree) [3], GO-FLOW [4],
Event Sequence Diagram (ESD) [5], dynamic FT [6],
and the discrete dynamic event tree (DDET) [e.g.
7,8,9]. The ADS tool is based on the DDET, because
it combines all of the following advantages:
• The physical processes, hardware states, and

human performance are directly modelled, avoiding
the need to manually define a state vector or a state
transition diagram (both of which would be very
large)
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• The coupling of these models allows all their
interactions to be explicitly and transparently treated

• The scenario space is systematically examined
through the DDET algorithm, avoiding Monte Carlo
sampling and its associated difficulties.
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Fig. 1: Evolution of the dynamic event tree.
The DDET framework is introduced in Section 2 while
Section 3 presents an overview of the ADS tool for
dynamic PSA. The treatment of the human response
within a dynamic PSA is addressed in Section 4.
Finally, Section 5 presents the on-going efforts within
the project, and the outstanding issues for further
research.

2 DISCRETE DYNAMIC EVENT TREES
In a traditional PSA, the analyst builds the event tree
to represent the possible evolutions of various
scenarios. This ‘accident sequence modelling’
process is based on separate off-line analyses of the
thermal-hydraulic response of the plant. Multiple
analyses are performed to consider variations of the
timing of automatic and operator actions, in order to
define success criteria and the associated time
windows, and, in general, to consider the interactions
of the plant, the automatic systems, and the
operators. In contrast, the discrete dynamic event tree
(DDET) is a simulation-based framework that
integrates these models to generate the event tree
“dynamically” and automatically. The role of the
analyst is then to specify these models: i.e. how these
responses develop and interact with each other.
DDETs were first implemented in the Dynamic Logical
Analysis Methodology (DYLAM) software tool, [e.g.
7,10]. The subsequent Dynamic Event Tree Analysis
Method (DETAM) [8] and the Accident Dynamic
Simulator (ADS) [9,11,12] share the overall approach.
The differences lie in the branch control algorithms
and in the models of the response, in particular, the
human response.
Dynamic generation of the event tree
In a dynamic event tree, the basic idea is to save the
state of the system (a snapshot) at each stochastic
(probabilistic) branching point, continuing the

simulation for one of the possible outcomes. At the
end of the scenario, which may be based on time or
on an absorbing state, the analysis returns to a
branching point, but now continues the simulation
considering each of the alternative outcomes in turn.
In this way, a tree of scenarios is built up, as shown in
Fig. 1 [13].
The partial tree at the top of Fig. 1 shows the DDET
after the first history (Sequence 1); the system state
has been saved at three branching points. Next, the
system state is reloaded at the last branching point
(the point labelled ‘a’) of the first history, and the
simulation is restarted, resulting in Sequence 2. The
tree-building algorithm continues by returning to the
nearest open node, now ‘b’, and restarting the
simulation. The lower branch at node b is simulated
and the branching points ‘d’ and then ‘c’ occur in
Sequence 3. As was the case with the first partial tree,
node ‘c’ is first expanded to result in Sequence 4, then
node ‘d’. After Sequence 5, the simulation would
continue with node ‘e’. (The tree building algorithm for
the DDET may follow alternative schemes.)
In contrast to a ‘static’ event tree, the order of the
branching points (which correspond to event headers)
is not explicitly specified a priori. Instead, the model
includes rules for determining what stochastic events
may occur next, based on the current system state
represented at a node. In addition, the timing of
events, represented schematically in Fig. 1 by the
spacing between the nodes, is variable, and depends
on the sequence. For example, node ‘c’ may refer to
the hardware state as node ‘a’. but earlier in time, and
with somewhat different physical process parameter
values.
The DDET scheduler
The internal structure of a DDET simulation consists
of three parts:
• a “scheduler” that manages the branching process,

including the saving of the system state at the
nodes and the restart of the simulation;

• a model of the hardware and human performance,
which describes how the equipment and personnel
responds in the scenario; and

• a model of the plant physical and control processes.

The core of the DDET is the scheduler, which controls
the simulation models. It introduces a probabilistic
branching point, for instance, when the plant process
evolution leads to a demand on a hardware
component. For example, when a vessel pressure
exceeds the high-pressure protection setpoint, a
demand is placed on the pressure relief valve; the
relief valve may open successfully, or it may fail to
open. Conversely, the scheduler modifies the
boundary conditions for the plant process simulation
when the personnel performs an action.
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As shown in Fig. 2, the generated dynamic event tree
may include branching points for the system state
(equipment success/failure), the process variables
(when key values such as setpoints are reached), for
software (for the control systems), and for human
action alternatives [12].

Probability accounting
At each branching point, the probabilities of the
branches sum to unity. 
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Fig. 2: Schematic of the generated dynamic event tree.

The conditional probability of the end state (ES) is the
product of the probabilities of the branches included in
the scenario. The sequence probability is the product
of this conditional probability with the initiating event
frequency. The notion of accounting for the
probabilities associated with stochastic events,
instead of sampling the events in Monte Carlo fashion,
allows stochastic, dynamic processes to be analysed
in the DDET framework while avoiding the
disadvantages of Monte Carlo methods.
Although branching can theoretically occur at any time
point, the sequence evolution is discretised into a
finite number of (variable) time steps in order to
manage the size of the tree. The system state
transitions and operator cognitive decisions, and
resulting actions, are then modelled as occurring at
these discrete points.
In practice, the combination of events with stochastic
outcomes, processes with stochastic durations and
interdependence of stochastic and continuous-time
dynamics leads to an overwhelmingly large number of
potential sequences. Clearly, in spite of the
discretization of time, an exhaustive simulation that
expands all possible branches of the dynamic event
tree is generally not feasible for a realistically-sized
system due to this “combinatorial explosion”. In fact, it
may not even be desirable because the exhaustive
tree includes branches whose probability is negligible.
Besides discretization in time and probability
accounting, avoiding the combinatorial explosion is
one of the functions of the scheduler.

One of the mechanisms to ‘prune’ the tree is to
implement a probability cut-off. At each stochastic
event, the scheduler calculates the probability of each
branch, and determines whether to expand this
branch further. The scheduler does not resume the
simulation of branches with probabilities below the
cut-off, or of branches that have reached an absorbing
state.
With appropriate branch generation rules and a
carefully selected minimum step size, the
computational limits on the size of the tree can be
satisfied while retaining sufficient resolution to
represent the possible event sequences.

3 OVERVIEW OF THE ADS SOFTWARE TOOL
Development of the ADS tool started at the University
of Maryland (UMD) more than a decade ago. The first
generation code included four computing nodes to
represent the behaviour of the reactor, steam
generator and pressurizer in a PWR plant, and hard-
coded rules to represent the operators’ actions [9].
Subsequent versions of the tool have followed this
successful demonstration of the ADS approach.
The available computing power limited many early
DDET implementations, including the earlier ADS
versions, to problems with reduced scope, or with
simplified models (in particular, of the computation-
intensive physical processes). With the increase in
computing power in the last decade, however,
applications of the ADS tool to practical problems with
a more realistic scope can now be pursued.
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The most recently released ADS program [14]
contains six modules.  Its architecture is shown in Fig.
3. The User Interface Module enables the user to edit
the inputs and initial conditions, and to control the
analysis parameters. The Scheduler Module
implements the DDET algorithms discussed above.
The personnel, plant processes and equipment states
are represented by the Crew Module, the Indicator
Module (the plant human-machine interface and
safety logic), the System Module, and the Component
Reliability Module. The Scheduler controls all of these
models (lines 1-4 in Fig. 3) and their interactions (lines
5-8).
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Fig. 3: Architecture of the ADS dynamic PSA tool.

The Crew Module, with the use of the IDAC model
[14], simulates the operating crew response. This
module represents the crew with three types of
operators: the Shift Supervisor (decision maker), a
reactor operator (who implements actions), and a
technical advisor (with a consultative role). These
models interact with the plant via the Indicator Module
(line 5) and with each other (not shown).
The Indicator Module models the human-machine
interface, which includes the display of plant process
parameters generated by the System Module (the
plant model). In addition, the Indicator Module
processes the system information to generate alarms
and automatic responses, according to the control and
safety logic. Finally, the automatic responses and
actions performed by the operators on the plant are
transferred through this module to the Component
Reliability Module.
The Component Reliability Module models both
failures on demand of equipment and running failures.
Examples include the failure of a valve to open and
the failure of an operating pump, respectively. In this
way, this module represents the actual state of the
equipment in response to the demands of the control
and safety logic, and of the operators.

The System Module represents the plant physical
processes. The boundary conditions for this physical
process simulation are determined by the equipment
states.
Figure 4 shows the ADS simulation flow diagram.
After the initialisation of the system, controls, and
crews’ initial state, the System Module calculates the
system state at the next time step.  The Indicator
Module updates the alarms state, physical parameter
values and indications of the component state based
on the new system state.
After the updates of the System Module and Indicator
Module, the Component Reliability Module calculates
the equipment failure probabilities. If the failure
probability is larger than pre-set criteria, a branching
point is generated to represent the (hardware) system
state branching point. Here, the scenario branches
according to whether the component fails or performs
successfully.
After all system-related information has been updated,
the Crew Module calculates the crew response. As
with the hardware, branching points are generated if
action alternatives are selected. The Scheduler
Modules summarizes all information generated and
applies the cut-off algorithms to determine whether
the branches are retained; in addition, it calculates the
branch probabilities and performs the probability
accounting. If the end-state criteria (i.e. the criteria for
a safe, stable state, or a scenario failure state) have
not been reached, the process repeats again to the
next time step. Once a sequence end state is
reached, the Scheduler recourses to an open
(undeveloped) branch. The DDET is complete when
no open branches remain.

4 THE HUMAN RESPONSE MODEL
Scope and modelling approach
In an event-tree/fault-tree PSA, the human response
is analysed by considering the scenario context at
each snapshot where an operator action is required.
At this point, the task of the HRA analyst is to
determine whether salience of the available
indications that cue this action, and the degree to
which procedures and training support the personnel
in assessing the situation and selecting the
appropriate response, is justified. The relevant
ergonomics are also examined for both the decision
and execution elements of the action.
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Fig. 4: ADS simulation flow diagram.

Table 1:!!The operators’ activities generated by ADS for one event sequence (excerpt).

Time
(s)*

Decision Maker
(Shift Supervisor)

Response

Reactor Operator
Response

Technical Advisor
Response

System
Response

0 Pipe breaks, alarms
triggered.

1 Changes Goal to
‘troubleshooting’ (TS)

Changes Goal to TS Changes Goal to TS

2 Changes Strategy to
‘logic expansion’ (LE)

Changes Strategy to LE Changes Strategy to LE

3 Selects Diagnosis
PI1-LBRK (training-
based procedure)

Selects Diagnosis
PI1-LBRK

Selects Diagnosis PI1-
-LBRK

5 Asks Reactor Operator
to check SG1 Level

Checks SG1 Level

6 Checks SG1 Level Checks SG1 Level
…
23 Concludes and

communicates Diagnosis
PI1-LBRK

24 Does not accept
Advisor’s conclusion

73 Changes Goal to MGSM
due to EOPs entrance
point reached

Changes Goal to MGSM
due to EOPs entrance
point reached

Safety injection pumps
start

74 Changes Strategy to
procedure-following (PF)

Changes Strategy to FI

75 Enters Procedure
E-0 Step 0

…
301 Asks Reactor Operator

to control SG2, SG3, and
SG4 water levels

302 Performs SG2, SG3 and
SG4 water levels control

372 System is stabilized

* The time values result from task durations assumed for demonstration runs.
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Not Accepted

Accepted

N/A
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In a dynamic PSA, the human response model must
represent the activities of the personnel throughout
the scenario. In this way, the human model has the
possibility to make decisions, and to implement
actions as the cueing indications arise during the
simulation. The workload due to these activities
influence their capacity to detect, interpret, decide and
act.
The models for each of the operators consist of five
major components. These are:
1.!!The time required for different types of tasks
(communication, processing, and the execution of
procedure steps and tasks)
2.!!The bases for situation assessment: i.e. how the
personnel determines the state of the plant in light of
procedures and training
3.!!The bases for response selection (decisions
concerning action alternatives), again grounded in
procedures and training
4.!!A model for the execution of actions, to represent,
for instance, the probability of unintentional errors and
omissions.
5.!!The strategies for decision-making, and the factors
that influence the selection of these strategies, such
as stress, workload, and time pressure.
These human model components, which contain
deterministic and probabilistic elements, allow the
human performance to be modelled within the DDET,
dynamically generating the branching points, i.e. the
alternative  branches and their probabilities. This
basic modelling approach is shared with other DDET
implementations, as in [8,15], as well as other human-
machine system modelling frameworks, such as task
network simulation [16] and discrete event simulation
[17,18,19].
The model in the DDET and post-simulation
In a conventional event tree, the scenario histories
were defined in the accident sequence modelling
process by the analyst; the event tree tool calculates
the probabilities of the scenarios. In contrast, the
DDET histories are generated directly by the
simulation, and arise from the interactions of the plant
and human models. Thus, the generated dynamic
event tree yields not only the probabilities for the end-
states, but also the scenario histories underlying the
tree.
In post-simulation analyses, the generated histories
can be examined to identify the contributing factors.
Table 1 shows the activities of the personnel during a
single sequence [14]. (The indicated times result from
the durations assumed for code testing and
demonstration.) Key plant events and alarms,
“cognitive” events related to the use of procedures
and situation assessments, communications among

the operators, and the actions of the plant personnel,
are all included in the Table.
Following the pipe break and alarm at time=0, the
operators perceive the alarms. Their goals switch from
routine monitoring to troubleshooting (TS) and the
strategy changes to ‘logic expansion’ (LE) _ a form of
rule-based reasoning. At 5s, the decision-maker asks
the reactor operator to check the level in the steam
generator SG1. At 74s, the safety injection pump
starts. The goal switches to maintaining a global
safety margin (MGSM), while the strategy is
procedure-following (PF). The decision-maker enters
the post-trip emergency procedure, E-0, at 75s.
Figure 5 represents this sequence as a time line, and
illustrates the different branches in the scenario. For
instance, an alternative strategy at t=1s would be
procedure-following (PF), i.e. selecting a procedure
immediately instead of performing rule-based
reasoning based on training.
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Fig. 5:Highlights of the operators’ processing
activities and alternatives during a sequence.

In addition to using the plant parameters at the
decision points to determine the alternative responses
and their probabilities, the model also tracks the
operators’ internal responses to the situation. In the
example shown in Fig. 6, the model predicts that the

stress level increases when the water level in the
steam generators (SG) first drops below the desired
safety limit (accompanied by alarms annunciating this
condition), and continues to increase until the
operators are guided by the procedures to take the
necessary action in response to the situation. In this
way, the influence of the evolving stress level on the
operators’ response can be dynamically treated.

 Fig. 6: Predicted stress level of the decision-maker plotted against the steam generator water levels.

5 CURRENT EFFORTS AND OUTLOOK
With the ADS tool as a framework for dynamic PSA,
the current work within the PSI-UMD joint effort has
two main components:
- further development of the ADS tool in the area of
computational efficiency and the treatment of
hardware reliability; and
- HRA issues in the dynamic PSA framework, which
includes the model of the human response in ADS, as
well as methods for analysing the human response.
As noted above, the integration of a model to
generate the response of the plant in accident
scenarios in a dynamic PSA enables the
interdependence between the behaviour of the plant
and its systems, and the responses of the personnel,
to be more closely examined. The ADS development
work, led by UMD, seeks to address the associated
computational demands through the use of multiple
processors and refinement of the DDET branching
algorithm to reduce unnecessary branching.
The hardware reliability issue concerns the treatment
of the support systems that allow the plant’s frontline
systems to respond to a scenario. Specifically, when a

frontline system fails to operate, due to a support
system problem, the impact on other systems that rely
on that support system needs to be taken into
account. In a classical PSA, these so-called support
system dependencies are treated by means of fault
trees. A solution that would not require the inclusion of
the complete fault-tree configuration is currently being
examined.
In the emerging dynamic PSA framework, the analysis
of human performance begins with the application of
task analyses and HRA methods to characterize the
procedure-based and training-based responses of the
personnel. Through these analyses, the inputs to a
human response model within DDET tools like ADS
are generated. The dynamic event tree is then
produced by the tool, which also quantifies the
scenario evolutions and accident sequences.
The HRA-related efforts, led by PSI, address both of
these aspects. To develop the inputs to the human
response model, the characterisation of the human
response extends the approach used to identify EOC
opportunities in earlier work [1]. The work on the
human model itself constitutes a major issue for the
dynamic PSA. The next steps with the model include
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the revision of the human model to enable the key
aspects of the operators’ main tasks to be
represented in the dynamic PSA. This will involve
operationalizing and simulating the effects and
interactions of the risks, together with the mitigating
factors.
Clearly, the dynamic PSA in the long term requires an
HRA model that would be capable, without post-
simulation analyses, of both simulating the most likely
personnel responses, and quantifying these within the
DDET. The quantification especially poses a
challenge, as can be expected. A step-by-step
approach to the dynamic PSA is taken in the PSI-
UMD work. Although the human response is treated
probabilistically, the main use of the ADS tool at
present is to identify key scenarios involving dynamic
effects and human errors. Validation of the human
response model would be required to support the
quantitative results.
With regard to HRA, the DDET is thus used as a tool
to assist in the identification of significant error
opportunities, while the scenario histories provide
specific information for additional post-simulation, and
quantitative analyses of human performance. In the
identification process, the human response
probabilities essentially represent a mechanism for
screening, since low-probability scenarios are cut off
in the branching algorithm. As in a traditional PSA, the
dynamic PSA model can be revised in an iterative
process to represent the scenarios of concern in more
detail. The information concerning plant response,
plant parameters, the personnel workload, and
strategies predicted by the model, are then used to
quantify the key scenarios. Accordingly,
improvements in the support within ADS for post-
simulation analysis of the runs, e.g. for examining
specific scenario histories, are also planned.
A case-application study is the focal point for this
work; it examines the risk of a through-wall crack of
the reactor pressure vessel in overcooling scenarios,
also referred to as pressurised thermal shock (PTS)
scenarios. The dynamic PSA framework is promising
in this case, because the probability of RPV cracking
depends on the reactor coolant system pressure and
temperature, in terms of both magnitude and
gradients. Thus, the timing of automatic responses
and operator actions are significant in the
determination of the risk. It is worth noting here that
the dynamic PSA is intended to complement the
conventional PSA rather than to replace it [5]. The
dynamic PSA’s analytical and modelling complexity,
and the significant effort required restricts its use to
scenarios where dynamic issues need to be
examined. The issue of identifying when dynamic
issues are likely to be important in scenarios is
therefore also being examined in the application
study.
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